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1
SYSTEMS AND METHODS FOR
COMBINING STOCHASTIC AVERAGE
GRADIENT AND HESSIAN-FREE
OPTIMIZATION FOR SEQUENCE
TRAINING OF DEEP NEURAL NETWORKS

CROSS-REFERENCE TO RELATED
APPLICATION

This application claims the benefit of U.S. Provisional
Patent Application Ser. No. 61/912,638, filed on Dec. 6,
2013, the contents of which are herein incorporated by
reference in their entirety.

TECHNICAL FIELD

The field generally relates to systems and methods for
training a deep neural network and, in particular, systems
and methods for training a deep neural network, which
combine stochastic average gradient and Hessian-free opti-
mization.

BACKGROUND

Deep neural networks (DNN5s) are gaining acceptance in
automatic speech recognition (ASR) by allowing perfor-
mance improvements previously unseen in state-of-the-art
systems. However, new challenges arise from using DNNs
in ASR. Finding the best procedure to train DNNs is an
active area of research that is rendered more challenging by
the availability of ever more training data.

A component of the DNN training procedure is sequence
training (ST), where the network parameters are optimized
under a sequence classification criterion such as Minimum
Phone Error (MPE). MPE training of DNNs is an effective
technique for reducing word error rate (WER) of ASR tasks.
This training is often carried out using a Hessian-free (HF)
quasi-Newton approach, although other methods such as
stochastic gradient descent (SGD) have also been success-
fully applied to training. HF sequence training (HFST) uses
a cross-entropy (CE) trained DNN as starting point, and is
run until convergence, which is usually a computationally
costly proposition.

SUMMARY OF THE INVENTION

In general, exemplary embodiments of the invention
include systems and methods for training a DNN and, in
particular, systems and methods for training a DNN, which
combine stochastic average gradient and HF optimization.

Embodiments of the present invention provide a novel
stochastic HF sequence training for DNNs. This procedure,
referred to herein as dynamic stochastic average gradient
with Hessian-free (DSAG-HF), leverages gradient averag-
ing as proposed in a stochastic average gradient approach,
and carries out an HF conjugate gradient (CG)-based opti-
mization using these averaged gradients. Experimentally, it
was observed that DSAG-HF not only allows for faster
convergence in computation time than conventional HF
sequence training (about half the time required), but also
allows for faster held-out loss improvements, especially in
the early updates.

According to an exemplary embodiment of the present
invention, a method for training a DNN, comprises receiving
and formatting speech data for the training, performing
HFST on a first subset of a plurality of subsets of the speech
data, and iteratively performing the HFST on successive
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2

subsets of the plurality of subsets of the speech data, wherein
iteratively performing the HFST comprises reusing infor-
mation from at least one previous iteration.

According to an exemplary embodiment of the present
invention, a system for training a DNN, comprises a
memory and at least one processor coupled to the memory,
an input component, executed via the at least one processor,
which receives and formats speech data for the training, a
training component, executed via the at least one processor,
which performs HFST on a first subset of a plurality of
subsets of the speech data received from the input compo-
nent, and iteratively performs the HFST on successive
subsets of the plurality of subsets of the speech data, wherein
the training component reuses information from at least one
previous iteration when iteratively performing the HFST.

According to an exemplary embodiment of the present
invention, a computer program product for training a DNN,
comprises a computer readable storage medium having
program instructions embodied therewith, the program
instructions executable by a processor to cause the processor
to perform a method comprising receiving and formatting
speech data for the training, performing HFST on a first
subset of a plurality of subsets of the speech data, and
iteratively performing the HFST on successive subsets of the
plurality of subsets of the speech data, wherein iteratively
performing the HFST comprises reusing information from at
least one previous iteration.

These and other exemplary embodiments of the invention
will be described or become apparent from the following
detailed description of exemplary embodiments, which is to
be read in connection with the accompanying drawings.

BRIEF DESCRIPTION OF THE DRAWINGS

Exemplary embodiments of the present invention will be
described below in more detail, with reference to the accom-
panying drawings, of which:

FIG. 1 is a graph illustrating held-out MPE loss as a
function of a number of updates for a baseline, a stochastic-
HF (S-HF), and a dynamic stochastic average gradient with
Hessian-free (DSAG-HF) approach, according to an exem-
plary embodiment of the invention.

FIG. 2 is a flow diagram of a system for training a deep
neural network, according to an exemplary embodiment of
the invention.

FIG. 3 is a block diagram of a process for training a deep
neural network, according to an exemplary embodiment of
the present invention.

FIG. 4 illustrates a computer system in accordance with
which one or more components/steps of the techniques of
the invention may be implemented, according to an exem-
plary embodiment of the invention.

DETAILED DESCRIPTION OF EXEMPLARY
EMBODIMENTS

Exemplary embodiments of the invention will now be
discussed in further detail with regard to systems and
methods for training a DNN and, in particular, systems and
methods for training a DNN, which combine stochastic
average gradient and HF optimization. This invention may,
however, be embodied in many different forms and should
not be construed as limited to the embodiments set forth
herein.

Embodiments of the present invention provide a novel
stochastic approach to HFST inspired by a stochastic aver-
age gradient (SAG) method that alleviates the computational
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burden of HFST, while allowing for better solutions, as
measured by MPE losses on a held-out set. Embodiments of
the present invention are not necessarily limited to applica-
tion of the SAG method in connection with sequence
training, and may include other types of second order HF
optimization.

As used herein, “deep neural network (DNN)” can refer
to an artificial neural network having multiple hidden layers
of nodes between the input and output layers. Each hidden
layer computes a non-linear transformation of a previous
layer. Some layers comprise an affine transformation,
parameterized by a weight matrix and bias vector, followed
by a nonlinearity which may be either pointwise (e.g., a
pointwise logistic nonlinearity or pointwise rectified linear
nonlinearity) or vector-valued (e.g., a softmax nonlinearity).
Other layers may implement fixed operations such as con-
trast normalization or summarization and downsampling of
inputs (called “pooling” in the neural network literature).

As used herein, “second order optimization” can refer to
a class of optimization techniques for which the asymptotic
rate of residual convergence is quadratic (i.e., of second
order). A Newton optimization method is an example of
second order optimization. Second order methods typically
converge much faster to a local minimum than their super-
linear, and linear (first order) counterparts. A first order
optimization method may include, for example, steepest
descent; a super linear method may include, for example, a
quasi-Newton method.

As used herein, “sequence training (ST)” can refer to
analyzing voice inputs and using the voice inputs to fine-
tune the recognition of speech by using information from
time-sequential lattices corresponding to utterances.
Sequence training is performed using utterance randomiza-
tion.

As used herein, “cross-entropy (CE) training” can refer to
a process in which the parameters of a deep neural network
are adjusted to minimize the cross-entropy between a ref-
erence labeling of a training data set and the output of the
neural network.

As used herein, “Hessian” or “Hessian matrix” is a matrix
of second-order partial derivatives of a function, which is
used in non-linear optimization problems.

As used herein, “Hessian-Free (HF) training” can refer to
a second order method of optimization that does not require
explicit formation of the Hessian (and, therefore, called
“Hessian-Free”). The underlying idea is to compute the
action of the Hessian upon a vector rather than the Hessian
itself. HF methods enable the incorporation of curvature
information, while avoiding the computationally intensive
explicit construction of the Hessian or its inverse.

As used herein, “conjugate gradient (CG)” can refer to an
iterative algorithm used to find a solution direction given a
linear system. CG is typically not run to convergence, but to
some pre-determined point of relative solution improve-
ment, and is often limited to a maximum number of itera-
tions.

As used herein, “stochastic gradient descent (SGD)” can
refer to a gradient descent optimization method for mini-
mizing an objective function, such as an error function,
which updates a set of parameters in an iterative manner.
With SGD, less than all of the samples in a training set, for
example, one or more of the samples randomly selected, are
used to perform an update for a parameter in a particular
iteration.

As used herein, “phone error” or “phone error rate (PER)”
can refer to the error rate in phoneme recognition. A
phoneme is a basic unit of a language’s phonology, which is
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combined with other phonemes to form meaningful units
such as words. A phoneme can refer to the smallest con-
trastive linguistic unit which may bring about a change of
meaning. For example, a difference in meaning between the
English words kill and kiss is a result of the exchange of the
phoneme /I/ for the phoneme /s/.

As used herein, a “loss function” can refer to a function,
for example, L(x,w), which is a measure of the cost of using
parameters w as a solution to a problem that is being
attempted to solve, given observed data x. A loss function,
for example, L(x,w), is defined, and attempts are made to
find parameters (w) that minimize the loss (e.g., minimize
the cost of using w as a solution) given the observed data x.
In the case of many data points x,, the global loss is
Loss(w)=1/N*Z L (x,, w) mie{0, 1, ..., N-1} (where N is the
number of different individual data points x,). Loss(w) is the
mean of the individual losses, and depends only on w, the
parameters to be solved for.

As used herein, “Gradient of Loss” refers to the general-
ization of the first derivative of Loss( ). Since the Loss(w)
is a function, it is possible to take its derivatives. Since the
parameters (w) are multidimensional, the gradient of L(w) is
taken with respect to the parameters (w). Gradient is a
multivariate generalization of a derivative. For example, the
gradient may point in the direction of the greatest rate of
increase of a function and its magnitude is the slope of the
graph in that direction.

As used herein, “held-out set” can refer to a set of data on
which model performance is evaluated. In statistical mod-
eling, a model is trained on the training set and the model
performance is evaluated on the held-out set to ensure that
the found solution is general enough, and more is being
accomplished than just learning the training data. The train-
ing and held-out sets do not overlap. The term “held-out”
comes from the feature that the held-out set is composed of
data “held” away from the training data. For example, a data
set can be split into 2 distinct parts, “training” and “held-
out.”

As used herein, “held-out loss” can refer to the loss
L(x,w) for all data x coming from the held-out set.

As used herein, “Minimum Phone Error (MPE)” can refer
to a smoothed approximation to the phone error rate. MPE
is a type of loss function used in connection with the
embodiments of the present invention.

As used herein, “MPE Loss on held-out set” can refer to,
in connection with the MPE loss function, a measure of how
good or bad a model is in connection with the data from the
held-out set.

As used herein, “Levenberg-Marquardt damping” can
refer to a method used to solve non-linear least squares
problems, for example, minimization problems that arise in
least squares curve fitting.

Second-Order Hessian-Free Optimization

Learning for a DNN is a difficult task due to the issue of
vanishing gradients, pathological objective function curves
and non-convex objective functions. Second-order methods
can alleviate some of the burden from the first two chal-
lenges by leveraging curvature information of the loss
function.

Considering a DNN with parameters 6 (weights and
biases), the loss function 1O can be approximated around 0
such that

L{0+0)=~L(0)+VL(0)78+15207B(6)5, (1)

where the right-hand side is a quadratic approximation of
L(6+d), and VL(0) is the gradient of the loss function at 6.
It B(0) is equal to the Hessian H(0) (or an approximation of
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it), and B(0) is positive-semidefinite, then LO is locally
convex and a minimum can be found. A direct optimization
of equation (1) would give the minimizer

5=—B"10)VL(0), )

which is a solution to the system

B(6)6=-VL(0). ©)

Minimizing equation (1) with respect to d is equivalent to
solving the system in equation (3) for 3. Consequently,
minimizing the loss L(0) can be done iteratively,

Q)

where o9, is a step taken in the Newton’s direction d,,a€
[0,1]. The equivalent of equation (3) with iterative solutions,
an equation that is used below becomes

Ot 1 =05+ 0Dy,

B(0)8=-VL(6). )]

Since DNNs have a large number of parameters, direct
computation of the Hessian is impractical, but not necessary
when using the conjugate gradient (CG) method. CG is an
iterative algorithm used to find a solution direction § given
a linear system like the one in equation (3). As noted above,
CG is typically not run to convergence but to some pre-
determined point of relative solution improvement, and is
often limited to a maximum number of iterations.

A property of CG is that the Hessian is only needed in the
context of curvature-vector product B(6)d as seen in equa-
tion (3). It is therefore possible to define a Hessian-free
optimization of equation (1) when using CG to find an
approximate solution d. In practice, the Hessian of the loss
function L[.(0) is not positive-definite for DNNs, and a
Gauss-Newton matrix G(0) is used instead. However G(0) is
positive-semidefinite, and needs to be regularized by using
G(B)AL. A is a damping factor which is adjusted heuristically.

Stochastic Hessian-Free Optimization

The second-order HF optimization can be transformed
into a stochastic Hessian-free (S-HF) optimization. The
Hessian-free optimization procedure can include four steps
run in sequence at each pass k over all the training data.

First, the gradient VL(8,) is computed on all the training
data. Second, CG is used to find iterative solutions 9§, to
equation (5). CG requires an initial search direction d,°,
which is commonly set to 0. However, faster convergence is
attained when §,° is chosen to be 08,_,, a scaled version
(0=0.95) of the previous final search direction from CG.
This acceleration technique is called 6-momentum. Further-
more, CG is usually truncated to a maximum of 250 itera-
tions to balance the overall CG cost. Third, a “backtrace”
over all CG iterates is done to find a potentially better
candidate that minimizes the loss on a held-out set L”*( ).
Finally, once a valid search direction 9, is found, a linear
search is done to find the best o, given the chosen direction,
as seen in equation (4).

Curvature-products dominate the computational cost of
CG after few passes over the data, and can become prohibi-
tive when compared to the fixed cost for the gradient.
Therefore, a 1% sample of the training data can be used for
curvature-products, balancing cost and accuracy of CG.

In accordance with an embodiment of the present inven-
tion, a stochastic approach to this Hessian-free procedure
can be defined. Like for stochastic gradient methods, it may
not be necessary to process all the training data to update the
model. In accordance with an embodiment of the present
invention, the HF training to define a Hessian-free optimi-
zation of equation (1) when using CG to find an approximate
solution 9 is not inherently run on all the training data,

10

15

20

25

30

35

40

45

50

55

60

65

6

especially in connection with the first few model updates.
Therefore, a stochastic HF procedure (S-HF) is defined that
would take a random subsample of the training set, performs
one (or a few) model updates in connection with equation
(4), then takes a new random sample and iterates the process
until convergence. This S-HF process is explored in addition
to the dynamic stochastic average gradient with Hessian-free
(DSAG-HF) procedure, as described below in accordance
with an embodiment of the present invention. Very short CG
runs (e.g., 3-5 iterations) may require re-tuning an imple-
mentation since decisions about d-momentum, [evenberg-
Marquardt damping, size of gradient and curvature mini-
batches may need to be revisited.

Stochastic Average Gradient

Embodiments of the present invention adapt ideas to
improve SGD to second-order Hessian-free optimization. In
accordance with an embodiment of the present invention,
the SAG technique is proposed as a way to improve on
conventional stochastic gradient (SG) techniques. Writing
the loss function as a sum of loss values over training
samples,

©

minimize

1 T
o £(0>:?;ﬁ(0>,

where T is the number of samples in the training data, and
£.(0) the value of the loss for sample i. With stochastic
gradient, parameters 0, are updated for each random sample
i, as

011 =0, BV 2(02) @]

where 3, is a step size. In contrast, the stochastic average
gradient method updates model parameters as

8)
B (
Oce1 = O — TTZ’("’
i=1

where, for each training example i, randomly selected,

o (VA ifi=i, ©

Hi ={ ; .
Hy_y  otherwise.

Effectively, SAG re-uses gradient information computed at
previous iterations to help the convergence of its solution.
By re-using gradient information from past updates, SAG
consequently simulates the presence of more training data
than is really observed for each model update.

Dynamic Stochastic Average Gradient with Hessian-Free
Optimization

Embodiments of the present invention extend and com-
bine the concept of SAG with HF sequence training, which
is referred to as dynamic stochastic average gradient with
Hessian-free (DSAG-HF) optimization. Embodiments of the
present invention extend SAG by dynamically weighting the
contribution of previous gradients, and by combining SAG
with a stochastic HF optimization.

In accordance with an embodiment of the present inven-
tion, reusing gradient information from previous iterations is
a particularly powerful property of SAG that can be directly
used in second-order HF sequence training. For example, in
accordance with an embodiment of the present invention, a
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gradient of the loss is computed on a sample portion of the
training data and a solution is found. Then, on a next
iteration, using another subset of the training data, a gradient
of the loss is computed on that subset of the training data,
and both the gradient from the first sample portion, and the
gradient from the current sample portion are integrated to
find the solution in the second iteration. Weighting is per-
formed to calculate the contribution of the gradient from the
first and second iterations, when finding the solution in the
second iteration.

More specifically, letting the training data be split into B
batches; then equation (3) can be rewritten equivalently as

B (10)
B®) = _Z VL),
b=1

where VL?(0) is the gradient of the loss computed from
samples in batch b. Embodiments of the present invention
use the following SAG-like system for an iterative approach:

B (1D
B ==Y WAL
b=1

where v,” is a weighting factor at iteration k of the gradient
computed for training batch b, and

. {vﬁ’(ek) if b=by, (12)

&= .
AL, otherwise.

starting with A,”=0,¥b. In equation (11), each step k=0,
1, ... corresponds to an update over training data contained
in batch b,. However, for batches other than b,, the gradient
information from previous steps is used. To find an approxi-
mate solution to equation (11), embodiments of the present
invention use truncated CG as in regular HF optimization. At
iteration k, the CG procedure is carried out on 1% of data
from batch b,.

An aspect of this approach is to properly define the
weighting factors v,”. These weights can make DSAG-HF
behave purely like an S-HF process if no gradient from
previous batches is used, to an approximation of a full
training if all gradients from previous batches are used
uniformly. However, using uniform weights does not yield
good results, and it was found experimentally that those
weights need be re-evaluated at each step k. In accordance
with an embodiment of the present invention, an approach is
used that keeps track of the held-out losses corresponding to
each batch b as follows:

. {Lb(ek) if b=b, (13)
b~

b
'£k—l

otherwise.

L*(0,)) is the loss on a held-out set. The weights y,” are
chosen to be

ykb:exp(n L)

where 1 is a tunable parameter that controls the exponen-
tiation of the weights across batches. A relatively larger
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8

tunable parameter m trends toward reliance on only a pre-
vious gradient, and not on a current gradient, and a relatively
smaller tunable parameter m trends toward not using a
previous gradient. The weights are dynamically estimated to
provide a loss function gradient before any CG iterations
take place. In that sense, this is a dynamic schedule that
controls the gradients’ averaging weights. The resulting
procedure is referred to herein as dynamic stochastic aver-
age gradient with Hessian-free (DSAG-HF) optimization.

In accordance with an embodiment of the present inven-
tion, weights are chosen based on a difference between a
held-out loss of a current iteration and a held-out loss of at
least one previous iteration. The assigned weight is inversely
proportional to the difference, such that a relatively larger
difference between a held-out loss of a current iteration and
a held-out loss of a previous iteration results in a smaller
weight given to the gradient corresponding to the held-out
loss of the previous iteration, and a relatively smaller
difference results in a larger weight given to the gradient
corresponding to the held-out loss of the previous iteration.
In other words, in a situation that is relatively closer to
convergence, where it is appropriate to consider more pre-
vious gradient information, a weighting function is used to
assign higher weights to gradients with held-out loss values
closer to a held-out loss value of a current model (i.e.,
smaller difference). Conversely, in a situation that is rela-
tively farther away from convergence, where it is appropri-
ate to consider less gradient information, a weighting func-
tion assigns lower weights to gradients with held-out loss
values farther from the held-out loss value of the current
model (i.e., larger difference).

For the first few steps k, equation (11) is a rough approxi-
mation to equation (5), and is closer to the S-HF procedure
mentioned above. For the first step k=0, a gradient computed
only from data in b, is used. For further steps, gradients
computed from parameters 0,,0,_,, . . ., that are expected to
be quite different from one another, are incorporated into the
final gradient term. A relatively larger difference between the
model parameters 0,0, ,, etc. is particularly true for a
model’s first few updates, as the held-out loss changes
significantly across these first steps. However, as the param-
eters converge to a solution, the difference between the
model parameters 0,0, ,, etc. becomes smaller, and equa-
tion (11) asymptotically converges to equation (5).

Therefore, DSAG-HF is able to simulate the use of more
data than is actually observed for gradient computation at
each batch b since gradients computed for previously
observed batches are brought in. After all B batches have
been observed, the final gradient contains a contribution of
virtually all of the training data, while only 1/B has been
truly observed. This property enables updates to be faster
than for conventional HF training, but also, not unlike for a
SG process, it enables updates to be potentially quite dif-
ferent from conventional HF training. In experimental
results set forth below, DSAG-HF used for sequence training
of DNNs is compared to conventional HF and stochastic HF
sequence training.

Experimental Setup

Experiments were conducted using an IBM® internal US
English ASR task. The training set consists of 1500 hours of
recorded audio. Training transcripts are obtained by decod-
ing the audio using an existing large vocabulary continuous
speech recognition system. Recordings that are deemed to
be all silence or noise, and sentences decoded with very low
confidence are excluded from the training data. The final
training data amounts to 1.53M utterances for 3.7 k speak-
ers.
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The first step in the DNN training procedure is to pre-train
the DNN by growing it layer-wise under CE criterion. Once
the final topology is reached, a CE model is trained fully
using SGD with 5 passes over all of the training data. This
model (CE-5) is used as an initial guess for the DNN
parameters for subsequent HFST; since HFST requires lat-
tices on all of the training data.

The baseline model is trained using conventional HFST,
where each training iteration uses 1500 hours of training
data. The training is run until convergence as measured by
an MPE loss on a held-out set of 15 hours of data set aside
from the training data. The implementation of HFST for the
baseline system is based on Brian Kingsbury, “Lattice-based
optimization of sequence classification criteria for neural-
network acoustic modeling,” in ICASSP, April 2009, pp.
3761-3764, with an HF procedure similar to James Martens,
“Deep learning via Hessian free optimization,” in Proceed-
ings of the 27th International Conference on Machine Learn-
ing (ICML-10), Haifa Israel, June 2010, pp. 735-742.

The input features are post-linear discriminant analysis
(LDA) features from 48 dimensional frames composed of 12
static cepstra and their 1st, 2nd, and 3rd time derivatives.
These 48-dim features are projected onto an LDA space of
32 dimensions. Then, temporal context is created by splicing
9 successive frames of 32 dimensional post-L.DA features to
generate 288 dimensional features. These 288-dim features
are the inputs to the DNNs. The topology of the DNNGs is 6
layers of 424 hidden units with sigmoid non-linearities. The
output targets are 512 context-dependent states from build-
ing a context dependency tree from the training data.

All models are compared with a measure of MPE loss
over the held-out set mentioned previously. Word error rates
(WERs) are also measured on a dev set composed of 684
utterances. The sequence training infrastructure is identical
for each of the three techniques (i.e., baseline, S-HF and
DSAG-HF). All computations (gradient, curvature product,
etc.) are distributed over many machines and the distributed
computing topology is kept identical for all of the trainings.

Experimental Results

The DSAG-HF, and S-HF procedures were performed
starting from CE-5. The training data was split in 10 batches
randomly sampled without replacement from the full train-
ing data, with each batch balanced for duration. After the
first 10 steps, all batches are processed and the training is
ensured to have seen all the training data. Further training
steps rotate among the batches, and every 10 steps, the
model will have seen all 1500 hours of training data again.
All of the experiments presented here use DSAG-HF param-
eter n=0.7.

FIG. 1 is a graph illustrating the held-out MPE loss as a
function of model updates for the three approaches (i.e.,
baseline, S-HF and DSAG-HF) to sequence training. The
baseline approach uses 1500 hours of data per iteration, and
the S-HF and DSAG-HF approaches use batches of Vio” of
the training data per iteration. All held-out MPE losses are
computed on a 15 hours held-out set.

Comparing S-HF to the baseline, it is noted that for the
initial update iterations, the S-HF procedure results in better
held-out loss than the baseline. However, S-HF saturates
early and converges to a significantly worse held-out loss
value. The S-HF and baseline loss curves cross at around
iteration 20, never to recover. In contrast, the DSAG-HF
procedure appears to consistently out-perform the baseline,
and converges to a better final held-out loss, as is also seen
in Table 1 below. In addition, it is noted that for both S-HF
and the DSAG-HF procedures, the cost of each update is
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substantially less than baseline. As noted above, each sto-
chastic update processes roughly Yio™ of the training data.

Table 1 shows the held-out MPE loss at a few specific
model update iterations for the three procedures depicted in
FIG. 1.

TABLE 1
Procedure Loss CPU time WER
(# iterations) (x1000) (days) (%)
Baseline
10 98.15 1.11 14.0
20 88.77 3.72 124
30 84.60 7.49 11.9
34 84.08 9.06 11.8
Stochastic HF
10 97.38 0.38 13.9
20 88.64 1.13 12.5
30 87.34 1.73 12.2
40 87.20 2.08 12.2
50 87.17 2.49 12.1
DSAG-HF
10 97.13 0.42 14.0
20 86.91 1.46 12.3
30 84.34 2.88 12.0
40 84.04 3.95 11.9
50 83.88 4.74 11.8

Table 1 also provides the computation time (CPU time) up
to those respective iterations, as well as a WER on a deb set
for baseline, S-HF and DSAG-HF approaches. Values are
reported for every 10 iterations up to convergence. From this
table, it is clear that DSAG-HF reaches a better held-out loss
at about half the processing time than the baseline system.
S-HF, despite being relatively faster than the baseline and
DSAG-HF systems, converges to a much worse solution
than the baseline and DSAG-HF systems. The difference of
processing time between S-HF and DSAG-HF is accounted
for by the difference of CG iterations required at each step.
DSAG-HF requires longer CG runs than S-HF. There may
be a need to revisit the Levenberg-Marquardt style heuristic
for damping as a slight oscillation of the A damping factor
is noticed over the iterations.

In terms of WERs on the dev set, a common trend is
observed in all of the experimental results with sequence
trained DNNs. The held-out losses are positively correlated
to the WERs. Baseline and DSAG-HF models both converge
at around 11.8% WER while S-HF is reaching around 12.1%
WER at convergence. In fact, one can notice that for the sole
purpose of WER, the models need not necessarily com-
pletely converge to provide the best or an acceptable WER.
Small improvements in held-out loss do not completely
translate into better WER.

One note-worthy property of DSAG-HF is that no tuning
is required except for the 1 parameter, since all scheduling
of the weights is done based on the difference of held-out
losses between the current and previous steps.

Experimental results for training DNNs on 1500 hours of
audio data show that compared to baseline HF training,
DSAG-HF leads to better held-out MPE loss after each
model parameter update, and converges to an overall better
loss value. Furthermore, since each update in DSAG-HF
takes place over smaller amount of data, this procedure
converges in about half the time as baseline HF sequence
training.

FIG. 2 is a block diagram of a system for training a DNN,
according to an exemplary embodiment of the present
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invention. As shown in FIG. 2 by lines and/or arrows, the
components of the system 200 are operatively coupled to
each other via, for example, physical connections, such as
wired and/or direct electrical contact connections, and wire-
less connections, such as, for example, WiFi, BLU-
ETOOTH®, IEEE 802.11, and/or networks, including but
not limited to, a local area network (LAN), wide area
network (WAN), cellular network, satellite network or the
Internet.

Referring to FIG. 2, human input 201 from, for example,
the IBM® internal US English ASR task, is inputted to a
speech data collector 203. The human input 201 can also
come from speakers communicating over a communication
system, such as, for example, over the telephone. It is to be
appreciated that a telephone system might be wireless or
wired. Principles of the invention are not intended to be
restricted to the type of speech data source, voice channel or
communication system that is employed to receive/transmit
speech signals to be used for training.

The speech data is collected through the speech data
collector 203, which may be a storage repository for the
speech being processed by the system 200. The speech data
collector 203 sends the speech data to an input/formatting
component 205. In addition to the input/formatting compo-
nent 205, the system 200 includes a selection component
207, a database 209, a training component 210, a weighting
component 212, and an output component 218. Each of the
components of the system 200 can be executed via one or
more processors coupled to a memory.

The input/formatting component 205 receives the speech
data from the speech data collector 203, and formats the
speech data so that it is in an appropriate form for training
by the training component 210. The formatted speech data
can be stored in a database 209, which is accessible by
selection 207 and training 210 components. The selection
207 and training 210 components can also access the for-
matted speech data from the input/formatting component
205 without going through the database 209.

In accordance with an embodiment of the present inven-
tion, the training component 210 performs Hessian-free
sequence training on a first subset of a plurality of subsets of
the speech data received from the input/formatting compo-
nent 205. The training component 210 can receive the
speech data directly from the input/formatting component
205, or from the database 209. In accordance with an
embodiment, the selection component 207 selects the first
subset and successive subsets of the training data for training
by the training component 210. The training component 210
iteratively performs the Hessian-free sequence training on
successive subsets of the plurality of subsets of the speech
data, and reuses information from at least one previous
iteration when iteratively performing the Hessian-free
sequence training.

According to an embodiment, the information comprises
gradient information, and the system 200 further comprises
a weighting component 212 operatively coupled to the
training component 210, which weights the gradient infor-
mation. The weighting component 212 may choose weights
based on a difference between a held-out loss of a current
iteration and a held-out loss of at least one previous iteration,
and change weights assigned to the gradient information for
different iterations.

The weighting component 212 dynamically estimates
weights assigned to the gradient information to provide a
loss function gradient before an iteration takes place, and
assigns weights to the gradient information based on a
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tunable parameter that controls exponentiation of the
weights across the plurality of subsets.

According to an embodiment, the weighting component
212 uses a weighting function to assign higher weights to
gradients with held-out loss values closer to a held-out loss
value of a current model, and lower weights to gradients
with held-out loss values farther from the held-out loss value
of the current model.

In accordance with an embodiment, the training compo-
nent 210 integrates the weighted gradient information with
current gradient information obtained for parameters of a
current iteration. The training component 210 computes a
gradient of a loss for the first subset, and the weighting
component 212 defines a weighting factor of the gradient,
and applies the weighting factor to the gradient to result in
a weighted gradient. The training component 210 then uses
the weighted gradient in connection with sequence training
on a successive subset of the plurality of subsets.

The training component 210 communicates with the deep
neural network 220 via, for example, an output component
218, to obtain necessary network data needed for training the
network 220, and to communicate results of the training to
the network 220. While the network 220 is illustrated as a
DNN, the embodiments of the present invention are not
necessarily limited to use in connection with a DNN 220,
and may be applicable to other types of networks.

In accordance with an embodiment of the present inven-
tion, a system 200 for training a DNN 220 comprises at least
one processing device for executing and interacting with
components, and at least one component (e.g., training
component 210) for combining a stochastic approach with
second order HF ST. The combination uses average gradient
information from previous iterations.

In accordance with an embodiment of the present inven-
tion, a system 200 for using at least one stochastic approach
to decrease a computational load required for training a
DNN 220 comprises at least one processing device for
executing and interacting with components, at least one
selection component 207 for selecting a first subset of
training data, and at least one training component 210
applying HF ST to a first subset of training data. The
selection component 207 iteratively provides a successive
subset of training data and the training component 210
applies HF ST to each successive subset of training data
until DNN parameters converge to a stable solution.

FIG. 3 is a flow diagram of a process for training a DNN,
according to an exemplary embodiment of the invention.
Referring to FIG. 3, a method 300 for training a deep neural
network, comprises receiving and formatting speech data for
the training (block 301) and performing Hessian-free
sequence training on a first subset of a plurality of subsets of
the speech data (block 303). The method 300 further
includes computing a gradient of loss for the first subset and
defining and applying a weighting factor to the gradient to
result in a weighted gradient (block 305). At block 307, the
Hessian-free sequence training is performed on a successive
subset of the plurality of subsets of the speech data by
reusing information from at least one previous iteration,
wherein the reusing comprises using the weighted gradient
(block 307).

In accordance with an embodiment, weighting a gradient
comprises choosing a weight based on a difference between
a held-out loss of a current iteration and a held-out loss of
at least one previous iteration. The weighted gradient is
integrated with a current gradient obtained for parameters of
a current iteration. Weights assigned to the gradients may be
changed for different iterations.
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Weighting a gradient may comprise dynamically estimat-
ing a weight assigned to the gradient to provide a loss
function gradient before an iteration takes place. Weights
assigned to gradients may be based on a tunable parameter
that controls exponentiation of the weights across the plu-
rality of subsets.

A weighting function may assign higher weights to gra-
dients with held-out loss values closer to a held-out loss
value of a current model, and lower weights to gradients
with held-out loss values farther from the held-out loss value
of the current model.

According to an exemplary embodiment, a method for
training a DNN comprises combining a stochastic approach
with second order HF ST. The combination uses average
gradient information from previous iterations.

According to an exemplary embodiment, a method uses at
least one stochastic approach to decrease a computational
load required for training a DNN, and includes providing a
subset of training data, applying HF ST to the subset of
training data, and iteratively providing successive subsets of
the training data and applying HF ST to each successive
subset until DNN parameters converge to a stable solution.

According to an exemplary embodiment, iteratively pro-
viding successive subsets of the training data comprises
reusing information from a previous iteration. In accordance
with an embodiment, gradient information of past iterations
is weighted and integrated to current gradient information
obtained for current parameter values of the DNN. A subset
of training data can be dynamically resized for each iteration
and generated from any sampling strategy of original train-
ing data.

The present invention may be a system, a method, and/or
a computer program product. The computer program prod-
uct may include a computer readable storage medium (or
media) having computer readable program instructions
thereon for causing a processor to carry out aspects of the
present invention.

The computer readable storage medium can be a tangible
device that can retain and store instructions for use by an
instruction execution device. The computer readable storage
medium may be, for example, but is not limited to, an
electronic storage device, a magnetic storage device, an
optical storage device, an electromagnetic storage device, a
semiconductor storage device, or any suitable combination
of the foregoing. A non-exhaustive list of more specific
examples of the computer readable storage medium includes
the following: a portable computer diskette, a hard disk, a
random access memory (RAM), a read-only memory
(ROM), an erasable programmable read-only memory
(EPROM or Flash memory), a static random access memory
(SRAM), a portable compact disc read-only memory (CD-
ROM), a digital versatile disk (DVD), a memory stick, a
floppy disk, a mechanically encoded device such as punch-
cards or raised structures in a groove having instructions
recorded thereon, and any suitable combination of the fore-
going. A computer readable storage medium, as used herein,
is not to be construed as being transitory signals per se, such
as radio waves or other freely propagating electromagnetic
waves, electromagnetic waves propagating through a wave-
guide or other transmission media (e.g., light pulses passing
through a fiber-optic cable), or electrical signals transmitted
through a wire.

Computer readable program instructions described herein
can be downloaded to respective computing/processing
devices from a computer readable storage medium or to an
external computer or external storage device via a network,
for example, the Internet, a local area network, a wide area
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network and/or a wireless network. The network may com-
prise copper transmission cables, optical transmission fibers,
wireless transmission, routers, firewalls, switches, gateway
computers and/or edge servers. A network adapter card or
network interface in each computing/processing device
receives computer readable program instructions from the
network and forwards the computer readable program
instructions for storage in a computer readable storage
medium within the respective computing/processing device.

Computer readable program instructions for carrying out
operations of the present invention may be assembler
instructions, instruction-set-architecture (ISA) instructions,
machine instructions, machine dependent instructions,
microcode, firmware instructions, state-setting data, or
either source code or object code written in any combination
of one or more programming languages, including an object
oriented programming language such as Smalltalk, C++ or
the like, and conventional procedural programming lan-
guages, such as the “C” programming language or similar
programming languages. The computer readable program
instructions may execute entirely on the user’s computer,
partly on the user’s computer, as a stand-alone software
package, partly on the user’s computer and partly on a
remote computer or entirely on the remote computer or
server. In the latter scenario, the remote computer may be
connected to the user’s computer through any type of
network, including a local area network (LAN) or a wide
area network (WAN), or the connection may be made to an
external computer (for example, through the Internet using
an Internet Service Provider). In some embodiments, elec-
tronic circuitry including, for example, programmable logic
circuitry, field-programmable gate arrays (FPGA), or pro-
grammable logic arrays (PLA) may execute the computer
readable program instructions by utilizing state information
of'the computer readable program instructions to personalize
the electronic circuitry, in order to perform aspects of the
present invention.

Aspects of the present invention are described herein with
reference to flowchart illustrations and/or block diagrams of
methods, apparatus (systems), and computer program prod-
ucts according to embodiments of the invention. It will be
understood that each block of the flowchart illustrations
and/or block diagrams, and combinations of blocks in the
flowchart illustrations and/or block diagrams, can be imple-
mented by computer readable program instructions.

These computer readable program instructions may be
provided to a processor of a general purpose computer,
special purpose computer, or other programmable data pro-
cessing apparatus to produce a machine, such that the
instructions, which execute via the processor of the com-
puter or other programmable data processing apparatus,
create means for implementing the functions/acts specified
in the flowchart and/or block diagram block or blocks. These
computer readable program instructions may also be stored
in a computer readable storage medium that can direct a
computer, a programmable data processing apparatus, and/
or other devices to function in a particular manner, such that
the computer readable storage medium having instructions
stored therein comprises an article of manufacture including
instructions which implement aspects of the function/act
specified in the flowchart and/or block diagram block or
blocks.

The computer readable program instructions may also be
loaded onto a computer, other programmable data process-
ing apparatus, or other device to cause a series of operational
steps to be performed on the computer, other programmable
apparatus or other device to produce a computer imple-
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mented process, such that the instructions which execute on
the computer, other programmable apparatus, or other
device implement the functions/acts specified in the flow-
chart and/or block diagram block or blocks.

The flowchart and block diagrams in the Figures illustrate
the architecture, functionality, and operation of possible
implementations of systems, methods, and computer pro-
gram products according to various embodiments of the
present invention. In this regard, each block in the flowchart
or block diagrams may represent a module, segment, or
portion of instructions, which comprises one or more
executable instructions for implementing the specified logi-
cal function(s). In some alternative implementations, the
functions noted in the block may occur out of the order noted
in the figures. For example, two blocks shown in succession
may, in fact, be executed substantially concurrently, or the
blocks may sometimes be executed in the reverse order,
depending upon the functionality involved. It will also be
noted that each block of the block diagrams and/or flowchart
illustration, and combinations of blocks in the block dia-
grams and/or flowchart illustration, can be implemented by
special purpose hardware-based systems that perform the
specified functions or acts or carry out combinations of
special purpose hardware and computer instructions.

One or more embodiments can make use of software
running on a general-purpose computer or workstation. With
reference to FIG. 4, in a computing node 410 there is a
computer system/server 412, which is operational with
numerous other general purpose or special purpose comput-
ing system environments or configurations. Examples of
well-known computing systems, environments, and/or con-
figurations that may be suitable for use with computer
system/server 412 include, but are not limited to, personal
computer systems, server computer systems, thin clients,
thick clients, handheld or laptop devices, multiprocessor
systems, microprocessor-based systems, set top boxes, pro-
grammable consumer electronics, network PCs, minicom-
puter systems, mainframe computer systems, and distributed
cloud computing environments that include any of the above
systems or devices, and the like.

Computer system/server 412 may be described in the
general context of computer system executable instructions,
such as program modules, being executed by a computer
system. Generally, program modules may include routines,
programs, objects, components, logic, data structures, and so
on that perform particular tasks or implement particular
abstract data types. Computer systen/server 412 may be
practiced in distributed cloud computing environments
where tasks are performed by remote processing devices that
are linked through a communications network. In a distrib-
uted cloud computing environment, program modules may
be located in both local and remote computer system storage
media including memory storage devices.

As shown in FIG. 4, computer system/server 412 in
computing node 410 is shown in the form of a general-
purpose computing device. The components of computer
system/server 412 may include, but are not limited to, one or
more processors or processing units 416, a system memory
428, and a bus 418 that couples various system components
including system memory 428 to processor 416.

The bus 418 represents one or more of any of several
types of bus structures, including a memory bus or memory
controller, a peripheral bus, an accelerated graphics port, and
a processor or local bus using any of a variety of bus
architectures. By way of example, and not limitation, such
architectures include Industry Standard Architecture (ISA)
bus, Micro Channel Architecture (MCA) bus, Enhanced ISA
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(EISA) bus, Video Electronics Standards Association
(VESA) local bus, and Peripheral Component Interconnects
(PCI) bus.

The computer system/server 412 typically includes a
variety of computer system readable media. Such media
may be any available media that is accessible by computer
system/server 412, and it includes both volatile and non-
volatile media, removable and non-removable media.

The system memory 428 can include computer system
readable media in the form of volatile memory, such as
random access memory (RAM) 430 and/or cache memory
432. The computer system/server 412 may further include
other removable/non-removable, volatile/nonvolatile com-
puter system storage media. By way of example only,
storage system 434 can be provided for reading from and
writing to a non-removable, non-volatile magnetic media
(not shown and typically called a “hard drive”). Although
not shown, a magnetic disk drive for reading from and
writing to a removable, non-volatile magnetic disk (e.g., a
“floppy disk™), and an optical disk drive for reading from or
writing to a removable, non-volatile optical disk such as a
CD-ROM, DVD-ROM or other optical media can be pro-
vided. In such instances, each can be connected to the bus
418 by one or more data media interfaces. As depicted and
described herein, the memory 428 may include at least one
program product having a set (e.g., at least one) of program
modules that are configured to carry out the functions of
embodiments of the invention. A program/utility 440, hav-
ing a set (at least one) of program modules 442, may be
stored in memory 428 by way of example, and not limita-
tion, as well as an operating system, one or more application
programs, other program modules, and program data. Each
of the operating system, one or more application programs,
other program modules, and program data or some combi-
nation thereof, may include an implementation of a net-
working environment. Program modules 442 generally carry
out the functions and/or methodologies of embodiments of
the invention as described herein.

Computer system/server 412 may also communicate with
one or more external devices 414 such as a keyboard, a
pointing device, a display 424, etc., one or more devices that
enable a user to interact with computer system/server 412,
and/or any devices (e.g., network card, modem, etc.) that
enable computer system/server 412 to communicate with
one or more other computing devices. Such communication
can occur via Input/Output (I/O) interfaces 422. Still yet,
computer system/server 412 can communicate with one or
more networks such as a local area network (LAN), a
general wide area network (WAN), and/or a public network
(e.g., the Internet) via network adapter 420. As depicted,
network adapter 420 communicates with the other compo-
nents of computer system/server 412 via bus 418. It should
be understood that although not shown, other hardware
and/or software components could be used in conjunction
with computer systen/server 412. Examples, include, but
are not limited to: microcode, device drivers, redundant
processing units, external disk drive arrays, RAID systems,
tape drives, and data archival storage systems, etc.

Although illustrative embodiments of the present inven-
tion have been described herein with reference to the accom-
panying drawings, it is to be understood that the invention
is not limited to those precise embodiments, and that various
other changes and modifications may be made by one skilled
in the art without departing from the scope or spirit of the
invention.
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What is claimed is:
1. A method for training a deep neural network, compris-
ing:
receiving, using at least one processor operatively
coupled to a memory of a computer system, speech data
for the training;
formatting, using the at least one processor, the speech
data for the training;
dividing, using the at least one processor, the speech data
into a plurality of subsets;
performing, using the at least one processor, Hessian-free
sequence training on a first subset of the plurality of
subsets of the speech data;
iteratively performing, using the at least one processor,
the Hessian-free sequence training on successive sub-
sets of the plurality of subsets of the speech data;
wherein iteratively performing the Hessian-free sequence
training comprises:
processing the first subset of the speech data to generate
a first gradient of loss in a first iteration;
processing a successive subset of the speech data to
generate a second gradient of loss in a second
iteration;
dynamically computing weights for the first gradient of
loss and for the second gradient of loss; and
reusing gradient information from at least one previous
iteration, wherein reusing the gradient information
from the at least one previous iteration comprises
integrating a weighted first gradient of loss and a
weighted second gradient of loss to generate a solu-
tion to the second iteration; and
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transmitting, using the at least one processor, a result of
the iterative performance of the Hessian-free sequence
training to the deep neural network.

2. The method of claim 1, wherein the gradient informa-
tion comprises average gradient information.

3. The method of claim 1, wherein the weights for first
gradient of loss and the second gradient of loss are chosen
based on a difference between a held-out loss of the second
iteration and a held-out loss of the first iteration.

4. The method of claim 1, wherein the dynamic comput-
ing comprises changing weights assigned to the first gradient
of loss and the second gradient of loss for different itera-
tions.

5. The method of claim 1, wherein the dynamic comput-
ing comprises dynamically estimating weights assigned to
the first gradient of loss and the second gradient of loss to
provide a loss function gradient before an iteration takes
place.

6. The method of claim 1, wherein weights assigned to the
first gradient of loss and the second gradient of loss are
based on a tunable parameter that controls exponentiation of
the weights across the plurality of subsets.

7. The method of claim 1, wherein the dynamic comput-
ing comprises using a weighting function to assign higher
weights to gradients with held-out loss values closer to a
held-out loss value of a current model, and lower weights to
gradients with held-out loss values farther from the held-out
loss value of the current model.
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